
 
 بابک منصوری  

 پژوهشگاه بین المللی زلزله شناسی و مهندسی زلزله
 1404اردیبهشت ماه  21یکشنبه وبینار 

 

 پایش ماهواره ای و ارزیابی سرسع خسارتها
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زلزله‌های‌ویرانگر‌نظیر‌زلزله‌اخیر‌میانمار،‌به‌دلیل‌گستردگی‌خسارات‌و‌محدودیت‌منابع‌پاسخ‌دهی،‌نیازمند‌
‌.‌‌آسیب‌هستندمیزان‌گستره‌و‌از‌دقیق‌نسبتا‌ارزیابی‌سریع‌و‌

‌
‌.‌مانند‌بازدید‌میدانی،‌بسیار‌زمان‌بر‌و‌پرهزینه‌اند،‌‌سنتیی‌روش‌ها

‌
 Deep Learning عمیقیادگیری‌پردازش‌تصاویر‌ماهواره‌ای‌و‌توفیقات‌نوین‌مبتنی‌بر‌روش‌های‌

‌.آورده‌اندگسترده‌ی‌مناطق‌آسیب‌دیده‌فراهم‌‌درتوانمند‌برای‌تحلیل‌سریع‌ابزارهایی‌ 2 
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Post- Disaster Building Damage 

Assessment Using Satellite And 

Aerial Imagery Interpretation, Field 

Verification  

And Modeling Techniques 

GEO-CAN damage assignment protocol 

GEO-CAN damage 

assessment protocol emphasized the 

importance of accurate damage 

assignments 

https://www.gfdrr.org/sites/default/files/publication/2010haitiearthquakepost-disasterbuildingdamageassessment.pdf 

~ 2010 vision - Crowd Sourcing 

Visual Inspection/Observation by 

Volunteers 



UN-SPIDER's Role in Facilitating Access to Satellite Imagery 

- Gateway to space-based information for disaster management support,  

- connecting disaster management community with space community.  

- Facilitating access to satellite imagery from various providers.  

- UN-SPIDER has agreements with space-related stakeholders to showcase or provide high-resolution imagery to 

member states affected by disasters.    

 
Provide Satellite Imagery from Space Startups and Academia 

UN-SPIDER: Timely access to critical data during disasters - acquiring necessary imagery, through International 

Disaster Charter, Sentinel Asia, or Copernicus EMS. 

 

Key Stakeholders - satellite imagery during this disaster: 

•Axelspace 

•Maxar Technologies 

•Open Cosmos 

•Synspective Inc. 

•China National Space Administration 

•National Disaster Reduction Center of China, Ministry of Emergency Management 

•Collaborative Network of Disaster Data Response (CDDR) 

•Aerospace Information Research Institute of the Chinese Academy of Sciences (AIR) 4 

Progress: 

 

GeoCan (Crowd Sourcing Visual Inspection) 

UNITAR (UN-organizations by Visual Satellite 

Imagery Interpretation) 

UNSPIDER Facilitation(towards efficient AI 

Deep Learning Methods) 



Table for Shared Satellite Imagery 
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Collapse of Sky Villa Condominium building by Optical imagery 

Maxar Technologies provided very high-resolution optical satellite imagery, WorldView Legion (Resolution: 30cm),  
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National Disaster Reduction Center of China 

(NDRCC)  

Laboratory of Emergency Satellite Engineering 

(China) 

Application of the Ministry of Emergency 

Management (China),  

Collaboration with UN-SPIDER, 

 

  

High-resolution Damaged Buildings Map  in 

central Myanmar for 2025 Myanmar 

 

Satellite Imagery: BJ-3 (Beijing-3) and JL-1 

(Jilin-1) satellite constellations between 29 and 

31 March 2025 

 

Change Detection models: Deep Learning 

methodology identifies building damages in high-

intensity zones. 

Rapid Damage Assessment using  

satellite imagery and Deep Learning 



Myanmar earthquake: How AI is helping in 

quick damage assessment  

Over 2,000 damaged structures identified in 
quake-hit Mandalay city 

 
Using Microsoft's AI-powered damage assessment 

tool. 

Based on remote-sensing data from Planet Labs 

PBC, Microsoft’s AI for Good lab processed 

and visualised damage across more than 1.81 

lakh buildings in Mandalay, Myanmar. 

https://satelliteimagerydemostg.z5.web.core.windows.net/damage-

assessment/naypyidaw_earthquake_3_31_2025.html 
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https://satelliteimagerydemostg.z5.web.core.windows.net/damage-

assessment/naypyidaw_earthquake_3_31_2025.html 
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 : (Transfer Learning) یادگیریانتقال 

‌جدید‌‌برای‌زلزله‌ (labelled data) برچسب خوردهداده های کمبود :‌خرابیاستخراج‌نقشه‌‌درمدل‌های‌یادگیری‌عمیق‌در‌آموزش‌چالش‌اصلی‌
 

 :مفهوم

‌.‌‌برای‌حل‌مسائل‌جدید‌با‌داده‌های‌محدود‌است‌از دانش مدل های آموزش دیده روی مجموعه داده های بزرگ و مشابهاستفاده 
روی‌داده‌های‌خاص‌مسأله‌جدید‌‌بر (Pre-trained) ،‌یک‌مدل‌پیش‌آموزش‌دیده(که‌زمان‌بر‌و‌داده‌بر‌است)جای‌آموزش‌یک‌مدل‌از‌صفر‌به‌ 
‌.گردد‌می‌ (Fine- Tune)یا‌ تنظیم‌

 
 :یا استفاده از تجربیات جهانی در زلزله جدید  :کاربرد در پروژه زلزله میانمار

 .می‌گرددیا‌داده‌های‌سنجش‌از‌دور‌مشابه،‌انتخاب‌ ImageNet مانند‌پیش آموزش دیده روی مجموعه داده های عمومیمدل‌های‌‌

 .دارندرا‌‌دانش اولیهمدل‌ها‌در‌درک‌ویژگی‌های‌تصویری‌مانند‌لبه‌ها،‌بافت‌ها‌و‌الگوهای‌خرابی،‌این‌‌

 .تطبیق‌یابدویژگی‌های‌خاص‌منطقه‌با‌تا‌‌می‌گردد  تنظیم مجدد‌مورد‌نظر‌با‌تعداد‌کمی‌تصویر‌برچسب‌خورده‌از‌زلزله‌مدل‌‌

 
 :انتقال یادگیریمزایای 

 .است‌تعداد‌کمی‌تصویر‌برچسب‌خورده‌تهیه‌شودی‌افک :نیاز به داده های زیادکاهش  

 .انجام‌می‌شودسریع‌تر‌‌تنظیماتمدل‌جدید‌از‌صفر‌زمان‌بر‌است،‌ولی‌آموزش‌: محاسباتیدر زمان و منابع صرفه جویی  

 .پیچیده‌خرابی‌را‌بهتر‌یاد‌بگیرددل‌می‌تواند‌ویژگی‌های‌م :دقتافزایش  
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 : (Transfer Learning) انتقال یادگیری
 

 :یا موارد جدید دیگر میانماردر پروژه زلزله کاربرد 
 
پیش آموزش دیده روی مجموعه داده های مدل‌های‌-

یا‌داده‌های‌سنجش‌از‌دور‌مشابه،‌‌ ImageNet مانند‌عمومی
 .می‌گرددانتخاب‌

مدل‌ها‌در‌درک‌ویژگی‌های‌تصویری‌مانند‌لبه‌ها،‌بافت‌ها‌‌این‌-
 .دارندرا‌‌دانش اولیهو‌الگوهای‌خرابی،‌

‌مورد‌نظر‌با‌تعداد‌کمی‌تصویر‌برچسب‌خورده‌از‌زلزله‌مدل‌-
ویژگی‌های‌خاص‌منطقه‌تطبیق‌‌با‌تا‌‌می‌گردد  تنظیم مجدد

 .یابد
 

Building 

Extraction 

example in 

Myanmar - 

Utilizing Deep 

Learning with 

Train Data 

from Iran cases  
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IIEES 

IRAN Experience 

 

1) Building Extraction 

2) Damage Mapping in Disasters 

 

 

- Satellite Imagery 

- VHR Optical Images 

- Image Processing  

- AI Technology  

- Deep Learning 

by: UNITAR 
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IIEES 

Imagery 
examples 

 Damage Visualized by Optical Imagery – Quickbird Satellite 

BAM Earthquake,  December 26, 2003 
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 Damage Visualized by Optical Imagery – UAV (Volunteers-Freelancers) 

Sarpol-e Zahab  Earthquake,  December 26, 2003 

Ezgeleh 
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LIDAR – Aerial or UAV Systems  (Time and Cost concerns) 

Excellent results for damage mapping - provides height and albedo information 

Reference: Hanza Luftbild 
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Hard-hit Zones 

Detected  

 

Manual Damage 

Mapping 

 

Wolrdwide 

Operators 

 

 

OpenStreet Map 

 

 

Crowd Sourcing 
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UN-SPIDER 
- Space-based information for Disaster Response Efforts 
- International Charter “Space and Major Disasters” 
- Disseminating satellite based data through “National 
Space Agencies” 
 
APSCO   &  Member States Satellites (China, Iran,…) 
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   Crustal Deformation Mapping – Measurement of Coseismic Displacement Field - INSAR Technique 
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IIEES 

Overview of Previous Work - Spatial Database Development: 
  

Building Extraction 

AI Algorithm  

(Object-based image analysis – eCognition/Definiens) 
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Building extraction according to ecognition procedure 

Region Merging 

Technique and 

Classification 
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IIEES 

DATASET 
(VHR ,UAV) 

pre-processing 
(Geo ref, Co-register, enhancing 

,fusion, adjusting, Histogram 
matching, sharpening ,..)  

Classification and 
segmentation 

Building extraction  

Segmentation by Region merging  
Multi-resolution Algorithm 

Classification  Building extraction  

Building Extraction by AI Algorithm (Object-based image analysis by eCognition) 
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IIEES 

Overview of Previous Work:  

Building Extraction & Damage Mapping  

by Artificial Neural Network  

(Machine Learning) 
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IIEES 

Building Extraction and Damage Mapping by Artificial Neural Network (Machine Learning Method ) 

Building extraction  Textural Analysis 
Choose optimum 

Parameters 
ANN  

(Manual Training) 

Damage Mapping 
 for BAM 

4  

Damage grade 

1-3 : No 

damage 

5 : damage 

Damage mapping after BAM Earthquake – 
 by ANN – (2015) 

Bulletin of Earthquake Science and Engineering, 2(1), 

55-65. 

Damage 

Level 

Damage 

Pattern 

D1 
 

D2 
 

D3 
 

D4 
 

D5 
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IIEES 

Building Extraction and Damage Mapping by Artificial Neural Network (Machine Learning) 

 JSTARS  - OCT. 2015 
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IIEES 

Damage mapping after BAM Earthquake – 
 by Soft computing method – (2015) 
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IIEES 

Building Extraction and Damage Mapping by Artificial Neural Network (Machine Learning Method ) 

JSEE, Vol. 20, No. 4, 2019 
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IIEES 

Building Extraction by mask - Manual   

Visual Classification - (Damage - UnDamage)  

Generated Ground Truth Map  
by visual interpretation  

of post-earthquake 
  Pleiades-1A  satellite image.  
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IIEES 

Damage mapping for two villages using  
both pre event and post event images. 

Damage mapping for two villages using  
only post event damage image. 

Surprise !!! 
OA  (B)> OA (A) 

 
(because in A 

Pre –Imagery quality  
not as good 
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IIEES 

Overview of Recent Work - Spatial Database Development:  

Building Extraction - Damage mapping 

Deep Learning 

Babak Mansouri    and    Shakiba Mousavi 
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IIEES 

Deep Learning Building Extraction - Damage Mapping 

Data preprocessing 
• standardize image sizes 
• normalize  
• Necessary transformations 

(rotation, scaling, cropping)  
• Split the dataset into 

training and validation sets 

DL architecture 
(Suitable Selection) 
 
• CNN 
• U-Net 
• FCNs 
• R-CNN 
• ….. 

Network 
training  

Iterate over different 
hyperparameters: 
 
(e.g., learning rate, 
batch size, regularization 
techniques) to fine-tune 
model performance 
 

 
 
 
Evaluation: 
Assess trained model 
performance on 
separate test dataset 
 
Measure confusion 
matrix 

 
 

Dataset preparation 
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IIEES 

Overview of Recent Work - Spatial Database Development :  

Building Extraction 

Deep Learning 

Train: Use Available Dataset in the World 
 

Test: UAV images – Sarpol-Zahab- Iran (2017) 
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World Available Dataset 

• 101 labelled sequences 

• collected between 2017-2020 

• Covering 6 continents 120 km2 

• contains over 48,000 building 
footprint labels. 

• consists of multi-sensor data 

• (SAR and optical)  

• Data for mapping and building 
footprint extraction. 

Space-Net dataset  

 

• manually labeled dataset 

• created by researchers at 
Wuhan University in China 

•  dataset includes HR aerial 
images of various urban 
areas in China covering 12 
different cities 

• captured between 2006 -2012 

 

WHU dataset  
• diverse, large-scale, high-quality 

• recently introduced 

• training/validation set 43,727 images 
from all over the world 

• test set containing images from 5 
other cities on five continents 

WHU-Mix Dataset 

• collection of aerial images of 
the Boston area 

• consists of 151 images, Size 
1500 x 1500 pixels, covering 
2.25 km² 

• spatial resolution 1m 

Massachusetts dataset  

• covers a 500 km2 surface area 

• Include suburban areas to rural areas 

• included ground object (roads, oceans, 
buildings, tree, bridges, and vehicles) 

• RS image is comprised (RGB) bands 

• image size 1,500 × 1,500 pixels 

• spatial sampling resolution of each pixel 
is 1.2 m 

Massachusetts RS 
dataset  

• contains 1,171 images 

• expanded dataset (two-stage data 
expansion method) 

• Expanded-dataset 5,540 RS 
images 

• 3,878 images the train dataset 

•  1,108 images the validation 
dataset 

• 554 images the test dataset. 

Original Massachusetts 
dataset  
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IIEES 

DATASET Location Sensor Resolution 
 (m) 

Indianna (Train) Urban / Sub-urban Ariel imagery  0.3  

WHU-I (Train) Urban Satellite 0.3 – 2.5 

Sarpol-Zahab (Test) Urban / Sub-urban UAV 0.15 

T
R
A
I
N
 

T
E
S
T
 

TEST 
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IIEES 

convolutional neural network for semantic segmentation and classification Auto-Encoder Architecture 

conv2Dblock + ReLU+  
Batch normalization 

MaxPooling 

Up Sampling 

Dropout 

Conv2d 

Soft max 

Cross-entropy 
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IIEES 

Results & Conclusion 
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IIEES 

Overview of Recent Work - Spatial Database Development:  

Building Extraction 

Deep Learning 

 
Train & Test:  

Domestic Dataset (Home Made) 
Satellite & UAV Imagery 

Sarpol-Zahab- Iran (2017) 
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IIEES 

Domestic dataset created – Building Extraction 
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IIEES 

Domestic dataset created – Damage Mapping 
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IIEES 

 

 

TRAIN Dataset : 

• RGB (N images - 512*512 and larger) 

• Ground Truth (N images- 512*512) 

 

 

 

 

TEST Dataset : 

• RGB (N images - 512*512 and larger) 

• Ground Truth (N images- 512*512) 

 

 

Captured by Super View -1 Satellite 

Sarpol - Zahab Provience that Captured  
 by Super View -1 

After 2017 Earthquke  

Width 33936 pixel  

Height 33084 pixel 

Band 3 Band (RGB) 

Pixel Size 0.5-0.5 (m) 

Generate Our Dataset 
 data preparation 
& Pre- processing   

No. of Masks 
(manual) 

17790 

 No. Damage buildings 15949 (90%) 

 No. un-Damage 
buildings 

1841 (10%) 
 

40 



 
 
Example:  
Proposed U-net network 
  
 

IIEES 
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IIEES 

Test images Ground truth Predict 

 
  

   

   

   
 

OA:92% 

Kappa:74% 

Building Extraction 
for Auto-Encoder 

Architecture 

TEST Ground 

Truth 

Prediction 
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IIEES 

Damage Mapping 

Class Accuracy Kappa 
Damage 88% 72% 

Undamage 93% 82% 
 

T
e
st

 i
m
a
ge

s 
G
ro

un
d
 t

ru
th

 
Pr

e
d
ic
t 
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 : (Transfer Learning) یادگیریانتقال 

‌جدید‌‌برای‌زلزله‌ (labelled data) برچسب خوردهداده های کمبود :‌خرابیاستخراج‌نقشه‌‌درفرآیند‌آموزش‌مدل‌های‌یادگیری‌عمیق‌در‌چالش‌اصلی‌
 

 :مفهوم

‌.‌‌برای‌حل‌مسائل‌جدید‌با‌داده‌های‌محدود‌است‌از دانش مدل های آموزش دیده روی مجموعه داده های بزرگ و مشابهاستفاده 
‌

‌یا‌‌ تنظیمروی‌داده‌های‌خاص‌مسأله‌جدید‌‌بر (Pre-trained) ،‌یک‌مدل‌پیش‌آموزش‌دیده(که‌زمان‌بر‌و‌داده‌بر‌است)جای‌آموزش‌یک‌مدل‌از‌صفر‌به‌
‌‌‌‌‌‌‌‌(Fine- Tune) گردد‌می‌.‌

 
 :کاربرد در پروژه زلزله میانمار

 .می‌گرددیا‌داده‌های‌سنجش‌از‌دور‌مشابه،‌انتخاب‌ ImageNet مانند‌پیش آموزش دیده روی مجموعه داده های عمومیمدل‌های‌

 .دارندرا‌‌دانش اولیهاین‌مدل‌ها‌در‌درک‌ویژگی‌های‌تصویری‌مانند‌لبه‌ها،‌بافت‌ها‌و‌الگوهای‌خرابی،‌

 .تطبیق‌یابدویژگی‌های‌خاص‌منطقه‌با‌تا‌‌می‌گردد  تنظیم مجدد‌مورد‌نظر‌با‌تعداد‌کمی‌تصویر‌برچسب‌خورده‌از‌زلزله‌مدل‌

 
 :انتقال یادگیریمزایای 

 .است‌تعداد‌کمی‌تصویر‌برچسب‌خورده‌تهیه‌شودی‌افک :کاهش نیاز به داده های زیاد

 .مدل‌جدید‌از‌صفر‌زمان‌بر‌است،‌ولی‌فاین‌تیون‌بسیار‌سریع‌تر‌انجام‌می‌شودآموزش‌: محاسباتیصرفه جویی در زمان و منابع 

 .می‌تواند‌ویژگی‌های‌پیچیده‌خرابی‌را‌بهتر‌یاد‌بگیرددل‌م :افزایش دقت
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 تشکر از توجه شما
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